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a b s t r a c t
With the fast development of 3D model construction and widespread popularity of 3D
graphic engines, more applications employ 3D geometric models to provide an interactive
environment. As the number of 3D models increases, some 3D model retrieval systems
have been proposed for indexing and matching these models. An important issue in a
retrieval system is feature extraction. An efficient and invariant feature is a global shape
distribution that collects some geometric properties of a model. The D2 shape descriptor
by Osada et al. is a one-dimensional histogram of Euclidean distances between two random
points. Although the D2 is effective for some cases, it changes when the model deforms.
We propose two shape descriptors in this paper: GD, which is the topological metric,
and ASF, which combines both Euclidean and topological metrics. The topological metric
is an invariant deformation factor. The two features are also robust against common
geometric processing, including scaling, rotation, resampling, compression, and remeshing.
In experiments, we implement these methods and confirm their feasibility.
© 2012 Elsevier Ltd. All rights reserved.
1. Introduction
Because CAD software provides a powerful tool to create object shapes, an increasing number of applications use 3D
geometric models to promote an interactive environment with impressive graphics. As Internet bandwidth grows, people
can also directly disseminate 3D models over networks. With the enormous increase in the number of 3D models, we need
a repository or system to manage these models. An important mission for the system is building efficient indexing and
matching for 3D models. Although we can use the traditional caption-based feature for indexing, which helps efficient
searching in traditional databases, this approach cannot completely represent all possible semantics for all people because
annotations added by humans depend on personal characteristics, including culture, language, and age. Content-based
retrieval has recently become mainstream, especially in audio [1], images [2–5], and video [6]. For a 3D model retrieval
system, we need some 3D model features for indexing and matching. These content-based features are extracted directly
from 3Dmodels, and these features can represent the intrinsic characteristics of the models. Finding an appropriate feature
representation of 3D models thus becomes a key point in developing a content-based retrieval system.
Researchers have recently devoted studies to 3Dmodel retrieval-related technologies. On the basis of the querymethods,
we may roughly divide these technologies into three categories, including query by text, query by sketch, and query by
example. The text-based query, as in full-text retrieval, adopts the structured query language (SQL) to make the feature
description; however, everyone depicts a model differently for his or her perception, and some high-level semantics of the
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model are difficult to illustrate by text. The sketch-based query draws some 2D silhouettes of a requiredmodel and searches
for all models with similar silhouettes. However, some models do not have impressive silhouettes, and people do not know
how to draw them. Moreover, there are no notable differences among the silhouettes of many models, and the silhouettes
cannot represent enough model features. The last strategy is to search for similar models using an example model. The
system automatically compares a given model to all in the database and returns similar 3D models. To save searching time,
the system often indexes these models by some descriptors.
In general, an ideal 3D model descriptor should satisfy the following criteria:
• High accuracy: In general, the accuracy rate from high-level semantics is often anticipated to be inferior due to a lack
of intelligent human cognition. It is thus essential to obtain a high accuracy rate from aspects of intrinsic properties,
including geometry and topology.
• High efficiency: As the number of 3D models increases, retrieval time is computation-intensive. Reducing retrieval
feedback latency is an essential consideration. The model descriptor computation cannot take much time, and the
indexing technology must be efficient.
• Feature invariance: In many CG-related applications, 3D models are often simplified or remeshed for fast rendering
purposes.Modelsmay also be transformedby translation, rotation, scaling, or reflection operations. After these processes,
the intrinsic content of a model does still not change; a representative descriptor or feature should therefore maintain
invariance.
• General representation: Many modelling methods have been applied to build 3D objects in commercial modelling tools,
providing many representations for 3D models. The common representations include meshes, curved surfaces, and CSG.
However, a feature descriptor of a 3D model must be independent of representations.
• Adaptive features: When the descriptions of some models are ambiguous, people want to obtain feedback from the
system and make comments on it. It should thus be possible to penetrate some adjustable parameters to provide
successive queries.
In this paper, we develop a novel 3D shape descriptor and provide efficient retrieval via a query by example interface. The
key contribution of this paper is that the proposed descriptor is composed of both geometric and topological characteristics.
Thus, the shape descriptor is invariant to possiblemodifications, including deformation, scaling, translation, resampling, and
geometry compression. The last sections are organized as follows. In Section 2, we review previous work on content-based
3D retrieval. Section 3 discusses various metrics for shape descriptors and proposes two novel metrics with deformation
invariance. Section 4 shows the experimental results, and Section 5 is the conclusion.
2. Related work
Researchers have recently proposed much work on content-based 3D shape retrieval [7–26]. Tangelder et al. [7] and
Yang et al. [8] provided some surveys for thesemethods. The efficient features from 3D shapes are important for a 3Dmodel
retrieval system. Zhang and Chen [13] extracted features such as volume, moments, and Fourier coefficients from the mesh
representation. As when using a quadtree to represent a 2D image, principal component analysis is commonly used for
registration before matching the feature. Wang et al. [14] proposed the octree structure to represent 3D models after PCA
standardization. According to the 3D model shape distribution, each node is recursively subdivided into eight nodes until
conforming to meet a human’s visual accuracy. When comparing corresponding nodes, i.e., those with the same depth and
position, in two octrees, we may measure the similarity of two 3D models. Because each node in an octree represents a
different sub-model size, the similarity measure is a weighted sum of these nodes’ relation.
The 2D silhouettes of a 3D model are important characteristics for human vision. However, the contour line may change
due to different viewing angles. Okada et al. [15] defined the main three axes using PCA and obtained the 2D silhouette
images projected along the three main axes. Based on these three-projected images, the central moment is calculated from
a 2D silhouette with respect to a central point and treated as a feature. Because no single 3D model has obvious and stable
silhouettes, the outline also depends on the user’s imagination. This strategy presents difficulty for obtaining a satisfying
result. Some research adopts the PCA approach for pose normalization. Funkhouser et al. [16], however, indicated that PCA
is not always feasible, for example, when two 3D models are in the same category, but their axes have different metrics.
In [17], the vertex distributionwas used to represent 3Dmodel characteristics. These studies used the vertex distribution
shape histogram to analyse the similarity of 3Dmolecular surfaces. The histogram is defined on concentric shells and sectors
around the centroid of a model. The drawback of the method is that the distribution of vertices differs after resampling.
In [17,19], a matching approach based on topology similarity was proposed. The main idea is to partition a 3D model
into slices, construct the Reeb graph according to links between adjacent slices, and finally compare graph similarities. This
strategy is suitable for matching deformable models, but the computation time is too long for practical applications.
The histogram-based feature expression may use multi-dimensional indexing, including the k-d or MX tree, which
is helpful for efficiently searching a large database. In content-based image retrieval, the extracted feature is thus often
represented in the form of a multi-dimensional feature vector. Osada et al. [20,21] expressed the signature of an object as a
shape distribution sampled from a shape functionmeasuring an object’s global geometric properties. This approach reduced
the shape matching problem to comparing probability distributions, which is simpler than traditional shape matching
methods that require pose registration, feature correspondence, or model fitting. The experimental results show that the
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Fig. 1. The framework of a 3D model retrieval system.
D2 shape distribution (the distance between two random points on a surface) provides a robust feature for discriminating
between object classes. This approach can also resist translations, rotations, scales, mirrors, tessellations, simplifications,
and model degeneracy. Ip et al. [22] further refined Osada’s D2 shape distribution by classifying two random points as IN,
OUT, or MIXED case, so each 3D model needs three histograms. The modified D2 improves the similarity measure accuracy
for some CAD models. In [23,24], fractal D2 and volume D2 are also modified D2 features that consider not only surface
properties but also volumetric ones.
In addition to theD2method, Ohbuchi et al. [25] added another feature, Angle Distance, computed from the inner product
of surface normal vectors, to increase the accuracy of similaritymeasurement. Park et al. [26] used the sliced imagehistogram
of the 3D model as features for retrieving similar models.
3. Feature extraction and matching for 3D model retrieval
Compared to other 3D model feature representations, using the shape distribution is a simple and fast search strategy,
specially accommodated with a k-d or MX tree to establish multi-dimensional indexing in a large-scale database to avoid
the linear-time search. Most current shape distribution-based technologies mainly focus on geometric properties, but these
do not consider the topological properties of 3D models. In this paper, we aim for an efficient metric for measuring both
the geometric and topological characteristics of a surface-based model and store these features as indices for an efficient
retrieval. Fig. 1 shows the framework of a 3D retrieval system. First, feature values are extracted for all 3D models in a
database with off-line work, and then these values are saved in the feature database. When a user makes an on-line query
by an example or 3D sketch, the system first computes the corresponding feature and does the matching in the feature
database. Finally, it extracts and outputs similar 3D models according to the matching results.
Polygons or meshes are the fundamental representation of a 3D model, although other formats exist from different
modelling methods, including high-order parametric surfaces. We can transfer many formats to the polygon-based
representation, but the transformationmay result in different meshes with similar shapes. The vertex coordinates in amesh
are thus not stable shape features. Considering the transmission speed, storage size, and display quality, a 3D model is built
with multi-levelled details for distinct representation resolutions. Between different model resolutions, the coordinates or
adjacency of vertices may change enormously, although the model shapes look alike. Accordingly, some local feature or
shape descriptors may differ. However, most global shape descriptors can remain invariant under these processes. In the
following sections, we discuss some global shape descriptors from previous literature and define a novel shape descriptor
for a 3D model. We apply this feature to a retrieval system by comparing the descriptors of two models.
3.1. Global features of 3D models
It is important to establish a 3D model histogram that may appropriately represent the important shape characteristics
of 3D models. If a 3D model undergoes some geometric transformation, including scaling, translation, rotation, or mirror
operation, the extracted 3D shape features should be able to maintain feature invariance. In general, 3D model attributes
include the visible information, i.e., 3Dmodel shape, and surface attributes, including colour, texture parameter, and normal
vectors. In this paper, we consider both Euclidean and topological metrics for visual features of 3D models. The goal is to
develop a novel shape descriptor where these representations are invariant to geometry transformation and support an
adaptive user query.
3.1.1. Shape feature using the Euclidean metric
We can measure the similarity between shapes by computing shape distributions, i.e., uniformly sampling points on
the surface of a model and measuring some geometric properties of the points. The distribution or the histogram of these
measurements can be taken as the characteristic of the model. Osada [20] proposed five types of measurements based on a
model’s intrinsic properties, including A3 (the angle between three random points on the model), D1 (the distance between
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Fig. 2. 3D shape features: (a) D2, (b) GD.
a fixed point and one random point), D2 (the distance between two random points), D3 (the square root of the area of
the triangle between three random points), and D4 (the cube root of the volume of the tetrahedron between four random
points). Osada’s experiment showed that the D2 measurement is superior to the others.
3.1.2. Shape features using the topological metric
The shape features in the last section use the Euclidean metric as a measurement. For a surface-based model, human
vision can recognize more characteristics than the Euclidean metric. For a human or animal model, we can create many
copies by adjusting the posture, and this different posture results in different geometric analysis. Nevertheless, these copies
are extremely identical in structure; only the joint angles differ. On human cognition, these copies are considered similar
to each other. In this condition, the distribution of geometric quantities presented above is not an appropriate 3D model
similarity measurement. Fig. 2(a) shows that the humans have some changes in arm posture, and the D2 measurements
differ in the two postures.
To eliminate the D2 variance between different postures, we propose a measuring technique based on the topological
contour, which computes the geodesic distance (GD). The GD is the shortest distance on the surface of a 3D model. Even if
the 3D model makes a rigid deformation, the GD between two points on the surface does not change. Fig. 2(b) shows that
the GD measurement is invariant under the influence of a posture change. The GD measurement thus possesses not only
geometric but also topological properties.
To obtain the GDdistribution of a 3Dmodel, the iterative process is to randomly select two sampling points on the surface
and compute the GD between the two points. The exact solution of geodesic paths or distances is a computation-intensive
problem [27]. Mitchell et al. [28] provided an exact solution for the ‘‘single-source-all-destination’’ geodesic path problem
on a triangle mesh. The worst case running time is O(n2 log n). However, our problem is ‘‘all-source-all-destination’’, and its
complexity is higher. To speed up GD computation, we develop a Dijkstra-like approach to obtain an approximate solution.
To recover the GDdistribution non-stability in the low-resolutionmodel, the number of randompoints is greater than the
number of vertices. The points sampled on a large triangle partition the triangle into small units and improve the accuracy
of the approximate GD distribution in the low-resolution model. The process is as follows. We first find the shortest path
between all pairs of vertices using the Dijkstra algorithm with time complexity O(|V |3). Next, if the two random points are
in the same triangle, the GD between them is the straight distance. Otherwise, the GD between the random points is the
minimal sum of the distance between one random point to the vertices of the triangle containing the random point, adding
the distance between the vertex pairs of the two triangles from the Dijkstra algorithm and the distance between the other
random point to the vertices of the triangle containing the first random point.
3.1.3. Adaptive shape feature
The GD distribution performs well in the characteristic retrieval of simply connected components; however, the
GD computation is difficult, whereas a 3D model contains multiple connected components. In addition, to retain both
the geometric and topological features, we propose the ASF (Adaptive Shape Feature) method, which reconstructs the
connection between disconnected components and considers different geometric or topological feature ratios by controlling
the parameter k value. The detailed steps of the ASF method are thus:
Step 1. Stochastically sample many points in the 3D model surface.
Step 2. For each sampled point, find its k-nearest neighbours and connect the sampled point to each neighbour. All
sampled points and connected edges constitute a graph.
Step 3. If the graph is disconnected, find the two nearest points in the two groups separately and add the connected edge
of these two points to the graph.
Step 4. In this graph, calculate the all-pairs shortest paths and obtain a histogram of the paths. The histogram is the ASF
measurement.
Fig. 3 demonstrates the ASF computation process, with the originalmodel (left), randompoints (middle), and constructed
graph (right). The k value mentioned above is an adjustable parameter. In general, if k approximates to |V |−1, then the ASF
is similar to the D2 feature and extracts the geometric characteristic of the model. Conversely, if the k value is small, then
the ASF is similar to the GD feature and extracts the topological characteristic of the model. We can therefore moderately
adjust the k value and obtain different results in the 3D model retrieval. The adjustment is helpful to the relevant feedback
in retrieval. Fig. 4 shows the D2, GD and ASF measurement histograms. The three models’ shapes are dissimilar, so the
Y.-C. Pu et al. / Computers and Mathematics with Applications 64 (2012) 1217–1225 1221
Fig. 3. The ASF computation process: (a) 3D model, (b) sample points, (c) connected result.
Fig. 4. Histograms for different shape features: (a) 3D models, (b) D2, (c) GD, (d) ASF where k = 1000, (e) ASF where k = 10.
histograms obviously disagree. The ASF method with a small k obtains a similar histogram to that of GD method, and the
ASF method with a large k is similar to the D2 distribution.
3.2. Selecting sampling points
If a 3D model is processed by remeshing, simplification or compression, the ASF histogrammay be different. For a stable
probability distribution, the sampling point should equally disperse on the surface of the model. In our process, we first
select a triangle and sample a point on it. According to a previous method [17], the selected probability of a triangle should
be proportional to the area of the triangle. The steps of selecting a triangle are thus.
Step 1. Calculate the areas of all triangles using Heron’s formula.
Step 2. Store the area values into an accumulation array.
Step 3. When we want to choose a triangle instance, stochastically select a number from zero to the total area sum and
search for the number in the accumulation array to select a triangle.
After obtaining the stochastic triangle, use the following formula to obtain the coordinates of a sampling point.
P = 1−√r1 A+√r1(1− r2)B+√r1r2C .
The values r1 and r2 are random numbers between 0 and 1. Using this process, we can equally sample points on the surface
of a 3D model.
3.3. Feature matching
After constructing the feature, we must further measure whether the feature vectors from two models are similar. A
simple method comes from the Euclidean distance of two N-dimensional vectors p and q. The formula is
d2E(p, q) =
N
i=1
(pi − qi)2 = (p− q) · (p− q)T .
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Fig. 5. The histograms for different numbers of sampling points: (a) 250, (b) 500, (c) 750, (d) 1000.
Fig. 6. The corresponding histograms after geometric transformation: a baseball and a truck.
Fig. 7. Multi-resolution representations of 3D models and the corresponding numbers of vertices and polygons.
Using the Euclidean metric to measure similarity is sometimes inappropriate. If some components of the two vectors do
not match, they are regarded as completely non-related. The displacement and compensation among components are not
considered. A more generalised method is using the quadratic form distance function [29]:
d2A(p, q) = (p− q) · A · (p− q)T
=
N
i=1
N
j=1
aij(pi − qi)(pj − qj),
where aij = e−σ ·| i−j |,σ is a constant larger than zero, aij is the element of theweightedmatrixA, whichweights the closeness
of components i and j in the vector space. According to the definition, when σ approximates to infinity, d2E = d2A. In most
cases, d2A measures the difference of two distributions better than d
2
E .
4. Experimental results
We implement the proposed methods practically to verify their feasibility. First, we show the convergence of shape
distributionwithmany sample points. Severalmodels are taken as examples, and the distributions are stablewhenhundreds
of points are sampled. Fig. 5 shows the case of a rabbit’s distribution. This stable characteristic is helpful for a reliable feature.
We also evaluate the robustness of the ASF method against geometric transformation, including translation, rotation,
scaling, and simplification. The k value is set to 10. As shown in Fig. 6, we choose two models as examples and perform the
following transformations to test the robustness.
• Scaling: enlarge ten times by X , Y and Z axes
• Rotation: rotate 30° by X, Y and Z axes
• Mirror: reflect by YZ, XZ and XY planes.
Fig. 6 shows that these histograms hardly alter. This result shows that the ASF method produces a similar distribution
after passing through these geometric transformations, so the extracted feature can be kept at a high invariability as the
origin. We further test 3Dmodels with multi-resolution representations. As shown in Fig. 7, there are twomodels, and each
has four resolutions. Fig. 8 shows that the shape distributions are stable under multi-resolution representations.
We next provide comparisons among the D2, GD and ASF histograms. We first compare the D2 and GD histograms. In
Fig. 9, we test three 3D models, including a steel bar, a curving steel bar and a spiral-shaped steel bar. Although the 3D
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Fig. 8. The corresponding histograms for multi-resolution 3D models: (a) rabbit and (b) Maitreya.
Fig. 9. The same model types and their shape distributions.
Fig. 10. ASF histograms with different k values.
shapes look different, the last two models are deformations of the first. From this perspective, we can consider them as the
same model type. Fig. 9 shows that their D2 features are completely distinct but that their GD features are similar. We use
the ASFmethod as our test to demonstrate the effectiveness according to the k value. Fig. 10 shows the ASF histogram of the
spiral-shaped steel bar by increasing the k value. As expected, when k is set from 10 to 20, the histogram is similar to the
GD histogram; when k is over 400, the histogram is similar to the D2 histogram.
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Fig. 11. Tested 3D models.
Fig. 12. Similarity matrices.
Finally, we select 8 test models (Fig. 11) to measure pair-wise similarities, where we categorise the models into 4 types:
the ellipsoid (bowling, bottle), steel bar (stick, spiral), sphere (ball, moon) and ring (ring1, ring2).We use the D2, GD, and ASF
measurements with k = 10, 1000 in the test and adopt the quadratic form distance function with σ = 1 for the matching.
Fig. 12 shows the experimental result. The grey-scale colour represents the degree of similarity: the deeper the colours, the
more similar the two models. These results show that the GD has high similarity in the identical-type models and that the
D2 is only similar for the same geometric shapes. When k is small in the ASF, the result is similar to the GD; conversely,
when k is large, the result is similar to the D2. In other words, if we emphasise the importance of topological property, we
may select a small k; if we emphasise the geometric property, the big k is chosen.
5. Conclusions
In this paper, we study the 3D model features in retrieval systems. As in the histogram-based feature representation
for shape distribution, we propose an adaptive feature representation with a different ratio of geometric and topological
components, in which many operators, including rotation, scaling, resampling, simplification, and conversion, can remain
invariant. To cooperate with the quadratic form distance matching and multi-dimensional indexing techniques, an efficient
and effective 3D retrieval method can be obtained. Empirical tests demonstrate that the proposed method is successful in
extracting content-based features of 3D geometry models.
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